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Abstract
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Calculating a Drought Vulnerability Index for South Africa based on Social
and Biophysical Characteristics
by Mollie GAINES
Using census data from the 2011 South African census and precipitation data
from the National Oceanic and Atmospheric Association (NOAA), a multi-
criteria index ranking the relative climate vulnerability to drought of areas in
South Africa was created. The index was developed by aggregating social char-
acteristics into a Social Vulnerability Index (SoVI) using a principle components
analysis (PCA), and aggregating biophysical characteristics into a standardized
precipitation index (SPI) representative of drought risk. These separate indices
were then aggregated using a Pareto Rank Order to determine the overall vul-
nerability of areas relative to other areas in the country. The resulting index was
able to identify the Western Cape province, including the city of Cape Town,
as a highly vulnerable area. In light of the recent drought and its severe im-
pacts on Cape Town, the use of these methods to quantify vulnerability social
and physical vulnerability and combine these to indicate overall vulnerability is
supported. Additionally, these methods can highlight differences in the vulner-
abilities of groups within larger communities when it is applied to a neighbor-
hood scale.
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1Chapter 1
Thesis
1 Introduction
Cape Town, South Africa – a metropolis with a population of over 4 million –
was seriously at risk of running out of water in 2018 (Baker, 2018; Maxmen,
2018; Otto et al., 2018; Welch, 2018). Early in the year, the city restricted water to
13 gallons per person per day, right at the United Nations’ declared minimum
(Maxmen, 2018). Cape Town had seen a large population boom and after 3 years
of severe drought, had depleted its water reservoirs (Baker, 2018; Maxmen, 2018;
Welch, 2018). Not only did this drought and the impending “Day Zero” - the
day the local government would turn off the tap water - influence the amount
of water people could consume, it also seriously impacted the economy of both
Cape Town and South Africa (Maxmen, 2018).
South Africa will not be alone - one of the biggest impacts of climate change
is anticipated to be the changes in access to water, particularly in cities (Hayes et
al., 2011; Schiermeier, 2013). The Inter-Sectoral Impact Model Intercomparison
Project worked on a set of comparable global-impact reports to assist in the dis-
cussion on the impacts of climate change (Schiermeier, 2013). They found even
small changes in climate could seriously impact access to water and increase the
number of people living in areas of water scarcity (Schiermeier, 2013). As climate
models predict that some areas will begin to receive less precipitation and oth-
ers will begin to receive more, it is important to examine spatially-disaggregated
data on anticipated stress on water systems to better understand what areas will
be most negatively impacted.
In light of predicted population growth, in 2015 the UN established the 2030
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Agenda for Sustainable Development, which includes 17 Sustainable Develop-
ment Goals (SDGs). One of these goals, SDG 6, is to “ensure availability and sus-
tainable management of water and sanitation for all” (Merkov, 2018). In 2010,
the UN recognized access to 50-100L (about 13-26 gallons) of water per per-
son per day within 1000m of their household as a human right (Merkov, 2018).
With populations growing particularly in urban areas - which already contain
over half the world’s population - the stress on infrastructure and resources is
increasing disproportionately in those areas (AghaKouchak et al., 2015; Baker,
2018; Bettencourt, 2013; Montgomery, 2008; Welch, 2018). When these factors
are compounded with the effects of climate change, like drought, the results can
be disastrous (Cutter and Emrich, 2006; Guenang and Kamga, 2014).
Determining areas of water scarcity, or areas that use more water than is
sustainable, has historically been determined on an annual basis , frequently
at country or coarser scales (Marris, 2016). This data, when viewed annually,
suggests there are over 1 billion people living in areas where water is scarce
(Baker, 2018; Marris, 2016). However, when viewed at a monthly time step,
this number can rise to as high as almost 4 billion (Marris, 2016). A monthly
measure is especially relevant for areas with distinct dry and rainy seasons or
when describing agricultural drought (Hayes et al., 2011; McKee, Doesken, and
Kleist, 1993).
Water scarcity can be described as both lower precipitation than historically
expected and an increased strain on water resources, affecting local populations
(Guenang and Kamga, 2014; Hayes et al., 2011; McKee, Doesken, and Kleist,
1993). The impact of drought on people and communities is what changes its
classification from purely a natural anomaly to a natural disaster (Alcántara-
Ayala, 2002). The intersection between natural and human systems can be hard
to quantify, but is very important in disaster preparedness, response, and risk
management (Adger, 2006; Alcántara-Ayala, 2002; Cutter and Emrich, 2006;
Guenang and Kamga, 2014; Ignacio et al., 2015; Runfola et al., 2017; Wolkin
et al., 2015). This study uses a set of methods to create a drought vulnerability
index through a combination of physical vulnerability with social vulnerabili-
ties to drought. These methods include the calculation and combination of two
indices focused on quantifying the three elements of vulnerability: exposure,
sensitivity, and adaptive capacity.
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For physical exposure to drought, it was recognized that there is a need for
high spatial and temporal resolution in measurements of water scarcity. To de-
termine which areas were at higher risk of drought, the Standardized Precipita-
tion Index (SPI) was used to quantify precipitation patterns. SPI is commonly
used as a measure of meteorological drought that can be used for spatial and
temporal comparisons (Keyantash and Atmospheric Research Staff (Eds), 2018).
A yearly SPI was calculated for 2011. This measurement of water scarcity was
paired with a variety of metrics of social vulnerability to quantify an area’s sen-
sitivity to changes in precipitation and its ability to cope with increased stress
on resources. To account for the social aspect of a drought vulnerability index,
a Social Vulnerability Index (SoVI) based on data from the 2011 South African
Census was calculated to numerically describe areas of high and low social vul-
nerability (Cutter, Boruff, and Shirley, 2003).
1.1 Literature Review Part 1: Quantifying Climate Vulnerabil-
ity
Of the three dimensions of vulnerability, quantifying exposure has the longest
tradition in academia (Clark et al., 1998). With vulnerability to natural disasters,
exposure can be described as the presence or absence of the disaster and further
quantified as the level of severity of the disaster (Adger, 2006; Runfola et al.,
2017). In the case of drought, change in precipitation is a good indicator of
exposure because precipitation heavily influences water supply (Hayes et al.,
2011; McKee, Doesken, and Kleist, 1993; Organization, 2012).
Before the turn of the century, the Palmer Drought Severity Index (PDSI) was
the main index used in drought analysis (Guttman, 1999; McKee, Doesken, and
Kleist, 1993). However, the PDSI and similar metrics based off of it incorpo-
rate multiple factors including precipitation, temperature, evapotranspiration,
soil moisture, and runoff (Guttman, 1999; McKee, Doesken, and Kleist, 1993;
Dai and Atmospheric Research Staff (Eds), 2017). In contrast, the Standardized
Precipitation Index only requires precipitation data and it more directly incorpo-
rates the temporal dimension of drought as an anomaly in precipitation through
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its comparison between the precipitation of the time span in question to a his-
torical precipitation average (Guttman, 1999; Keyantash and Atmospheric Re-
search Staff (Eds), 2018; McKee, Doesken, and Kleist, 1993). The SPI is a simpler
index than the PDSI and its variants, and it can be compared between places
of varying climates (Guttman, 1999; Keyantash and Atmospheric Research Staff
(Eds), 2018; Organization, 2012). In 2011, the Lincoln Declaration on Drought In-
dices recommended that the SPI become the globally used index for describing
drought (Hayes et al., 2011; Keyantash and Atmospheric Research Staff (Eds),
2018).
The SPI is calculated as the deviation of precipitation from its historic aver-
age (Guenang and Kamga, 2014; Guttman, 1999; Keyantash and Atmospheric
Research Staff (Eds), 2018; McKee, Doesken, and Kleist, 1993). Often, precipita-
tion data is fit to a probability density function so that the subsequent standard-
ized precipitation is a probabilistic measure of how anomalous the precipitation
is (Guenang and Kamga, 2014; Guttman, 1999; McKee, Doesken, and Kleist,
1993). The historic average from which the SPI is calculated is recommended by
McKee, Doesken, and Kleist to be at least 30 years worth of precipitation data,
while others recommend a minimum of 20 years but prefer 50 years of data
(Guenang and Kamga, 2014; Guttman, 1999; Organization, 2012).
The type of drought the SPI indicates can very depending on its timescale
(Guenang and Kamga, 2014; Hayes et al., 2011; McKee, Doesken, and Kleist,
1993; Organization, 2012). Shorter timescales (1-6 months) are more important
for monitoring potential impacts on agriculture, and larger timescales (6 months
to 2 years or more) are more useful when monitoring impacts on reservoirs and
access to water (Guenang and Kamga, 2014; Guttman, 1999; Hayes et al., 2011;
McKee, Doesken, and Kleist, 1993; Organization, 2012).
1.2 Literature Review Part 2: Quantifying Social Vulnerability
Natural disasters influence people differently based on a number of different
factors and characteristics (Alcántara-Ayala, 2002; Clark et al., 1998; Wolkin et
al., 2015). Understanding which of these elements makes a group more vulner-
able to, or more likely to be more severely effected by, disasters is key to helping
reduce this vulnerability (Clark et al., 1998; Wolkin et al., 2015). Vulnerability
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has been defined in a plethora of ways. It is most often considered to be a com-
bination of exposure, sensitivity, and adaptive capacity (Clark et al., 1998; Cutter
and Finch, 2008; Runfola et al., 2017). Similarly, the definition of a natural disas-
ter has evolved over time to be a powerful and severe natural force that upsets
the normal systems and structures of society (Alcántara-Ayala, 2002). Using this
definition, a hurricane that forms and dissipates over the ocean without effect-
ing people is not a natural disaster; it is only when humans are impacted that a
natural event becomes a disaster. Social vulnerability to these disasters, without
action to mitigate the vulnerability, can lead to terrible consequences like those
observed in the aftermath of Hurricane Katrina (Alcántara-Ayala, 2002; Cutter
and Emrich, 2006; Wolkin et al., 2015). Quantifying vulnerability into a single,
comparable index can be of use for emergency managers (Cutter and Emrich,
2006; Ignacio et al., 2015; Wolkin et al., 2015).
Social vulnerability indices have been calculated several different ways, but
generally are some form of aggregation (Runfola et al., 2017). The Social Vulner-
ability Index (SoVI), developed by Susan Cutter, was one of the first indices de-
signed for identification and visualization of vulnerability (Wolkin et al., 2015).
Cutter’s SoVI uses a principle components analysis (PCA) to reduce a large set of
normalized variables that can influence a person or groups vulnerability to dis-
aster into a much smaller number of components (Cutter, Boruff, and Shirley,
2003; Cutter and Emrich, 2006). The sum of these components is calculated,
yielding the final SoVI value (Cutter, Boruff, and Shirley, 2003). The use of a
PCA or factor analysis groups the variables based on how much variance they
explain, and enables the identification and measurement of an underlying trend
in the data (Clark et al., 1998; Runfola et al., 2017). However, some dispute the
use of an unweighted sum of the components as the index and instead suggest
the use of a weighted sum (Clark et al., 1998; Ignacio et al., 2015). An objec-
tive weighted sum based on the fraction of variance for which each component
counts is argued to be preferable to a predetermined weighting based on the
subjective opinions of the researcher (Clark et al., 1998).
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2 Data
A subset of the public Global Historical Climatology Network - Monthly (GHCN-
M) Version 2 precipitation data from the National Oceanic and Atmospheric Ad-
ministration (NOAA) was used to derive precipitation data across South Africa
(Peterson and Vose, 1997). The global data was subset down to data from 10
weather stations on the mainland of South Africa from 1988-2018. The data was
further subset into comma separated value files (CSVs) to contain one month
of precipitation data for the stations. Each station was mapped to its latitude
and longitude coordinates. Using these monthly data sets, a cokriging method
was used to extrapolate precipitation values from across South Africa using the
spatial location and elevation of those stations (Figure 1.2). The SPI was then
calculated using these data.
To calculate the SoVI values across communities and regions in South Africa,
data from the 2011 South African census were used. The subplace boundaries,
used to defines these areas, for both the SoVI and the SPI were also provided
in the 2011 census data. The metadata for the 2011 census defined subplaces as
the "Second (lowest) level of the place name category, namely a suburb, section
or zone of an (apartheid) township, smallholdings, village, subvillage, ward or
informal settlement" (Africa, 2012). The census data was aggregated by sub-
place and answer to census question (i.e. for the question of gender, the number
of female and male responses were recorded by subplace). In 2011, the total
population of South Africa was 51,770,573 and the number of people living in
Metropolitan Areas was 20,338,613 (39.3% of the total population). About 49%
of the population was recorded as male and 51% as female, and 13% of the pop-
ulation was age 5 or younger while 5% of the population was age 65 or older.
The total number of households was 14,450,125.
The geospatial boundaries in South Africa are a hierarchical system modeled
after the structure in the United States. The national boundary is broken into
9 provinces which are similar to states. Each of these province is then broken
down into municipalities which are similar to counties. There are 8 Metropolitan
Areas and each is classified as its own municipality. Within the municipalities,
there are main places that are then broken down into subplaces, which are the
equivalent to census tracts in the US. This analysis uses subplace as the unit of
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observation.
3 Methods
3.1 Quantifying Biophysical Vulnerability
Cokriging in the Geospatial Wizard application in ArcMap10 was used to es-
timate precipitation values based on the precipitation and elevation of the 10
weather stations (Appendix A). Cokriging attempts to predict one variable, in
this case precipitation, based on the autocorrelation between different points
and the cross-correlation between the first variable and a second variable, in
this case elevation (Esri, 2018). In other words, it checks how similar the values
are at different points based on both the distance between them and the values
of their secondary variable, and uses these relationships to predict the values in
the areas between points. Cokriging was used to reduce variability, because it
both estimates the primary variable, precipitation, and uses the covariate, ele-
vation, to improve these estimates (Esri, 2018). Cokriging was used, rather than
kriging, because it incorporates two variables allowing the topography of South
Africa to influence the predicted precipitation values, which it is known to do
(i.e., specifically Table Mountain by Cape Town (Welch, 2018)).
The cokriging was used to generate a prediction based on the semivariance,
or spatial dependence of the variables based on their distance from each other.
To ensure the spatial relationship, the semivariograms of precipitation and ele-
vation within a circular range were observed (Appendix A). The spatial autocor-
relation between precipitation at one point and its neighbors, as well as the tradi-
tional correlation between precipitation and elevation, were examined by check-
ing the semivariograms showing that spatial dependence of points decreased
as the distance increased (Figure 1.1). It was important to check the semivari-
ograms because it confirmed that the points closest to the area for which pre-
cipitation was predicted had a larger influence on these predictions than points
that were farther away. In Figure 1.1, it can be observed that after a certain dis-
tance, points that are beyond that distance no longer have an influence on the
predicted value.
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FIGURE 1.1: The semivariogram for the autocorrelation between
precipitation values from the 10 weather stations in January 2011.
The x-axis represents distance and the y-axis represents the semi-
variance
After generating the cokriging prediction map, the data was saved to a geo-
database as a raster within the processing extent of South Africa. The predicted
precipitation values were recorded using Extract Values to Points for the cen-
troid points of each subplace (Figure 1.2). The resulting attribute table was con-
verted to an Excel file using the Table to Excel tool (Appendix B). The Excel files
were analyzed to calculate the SPI.
Because the interest of this study is identifying areas that are vulnerable to
drought, a yearly timescale was calculated because it indicates the strain put on
the water resources of a whole community. To calculate the yearly SPI values,
the equation 1.1 was used where P was the average precipitation in 2011, P*
was the historical average precipitation (the average for 1988-2010), and σ was
the historical standard deviation across the same period (Keyantash and Atmo-
spheric Research Staff (Eds), 2018). In this study, a year long SPI was used to
measure a large enough trend in the change of precipitation to affect local reser-
voirs (Guenang and Kamga, 2014; Guttman, 1999; Hayes et al., 2011; McKee,
Doesken, and Kleist, 1993; Organization, 2012).
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FIGURE 1.2: The predicted precipitation values in 0.1 mm are
shown for January 2011 across South Africa. The subplace bound-
aries are shown in black, with the boundaries for the Metropolitan
Areas highlighted in yellow. In the upper left, the 10 weather sta-
tions are represented by pink stars. On the upper right, the centroid
points for every subplace are shown in purple. A few columns of
the first 5 rows of the output CSV are shown. The SP_CODE is the
number by which every subplace was identified. The RASTER-
VALU is the predicted precipitation value located at the centroid
of the subplace.
SPI = (P − P∗)/σ (1.1)
3.2 Quantifying Social Vulnerability
Using SPI is only one way of quantifying and observing exposure to drought,
and does not capture key socioeconomic factors that mediate the impact of droughts
once experienced. Drought affects people in different ways depending on a
number of social factors (Baker, 2018; Maxmen, 2018; Welch, 2018). ‘Day Zero’,
where people would have to line up at public taps to collect water, is already the
reality for much of Cape Town’s population (Baker, 2018; Welch, 2018). Addi-
tionally, factors like the time it takes to stand in line to collect water, the ability to
collect and transport the water, and the money to buy water from super markets
can seriously affect a person’s vulnerability to drought (Baker, 2018). To account
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for these factors, a Social Vulnerability Index - SoVI - was calculated to interpret
alongside the SPI.
TABLE 1.1: Themes of Social Vulnerability
Theme and Description Sources
Age Both the elderly and young children can increase the burden of care on Clark et al., 1998
households. Both have lower resiliency as they tend to depend on others for Cutter, Boruff, and Shirley, 2003
assistance. Flanagan et al., 2011
Disabilities People with disabilities have a lower resiliency and increase Clark et al., 1998
the vulnerability of households. Flanagan et al., 2011
Household Structure Household structure applies to the family and physical Clark et al., 1998
structure of the household and the tenure status. Large households tend to Cutter, Boruff, and Shirley, 2003
vulnerability because they put a larger stress on resources. Poor Cutter and Emrich, 2006
physical structures and tenure status where the household is spending Flanagan et al., 2011
some portion of their income on housing can be indicators of increased Alcántara-Ayala, 2002
household vulnerability.
Income People with a monthly wage below the poverty line are more Clark et al., 1998
vulnerable to natural disasters as they will have fewer resources for Cutter and Emrich, 2006
resiliency and recovery. Wolkin et al., 2015
Lifelines/Infrastructure Lifelines includes having a cellphone or Clark et al., 1998
having a car. Cellphones allow people to call for help and/or receive Alcántara-Ayala, 2002
information about the disaster, increasing resiliency. A car increases
mobility which can positively affect adaptability and resiliency.
Infrastructure such as type of piped water, water source, and type sewage
are also important in assessing a household’s vulnerability, particularly
to drought.
Occupation Individuals working in the informal sector (including Clark et al., 1998
working in private homes, being self employed, or being unemployed) Cutter, Boruff, and Shirley, 2003
have a lower job stability, increasing vulnerability. Flanagan et al., 2011
Wolkin et al., 2015
Gender Women have higher vulnerability to natural disasters than men. Cutter, Boruff, and Shirley, 2003
The types of census variables used to calculate a social vulnerability index
are generally based on a set of themes that influence risk, resiliency, and recov-
ery (Clark et al., 1998; Cutter, Boruff, and Shirley, 2003; Flanagan et al., 2011).
Table 1.1 shows the themes used to select the 16 variables that could be indi-
cators of the vulnerability. Each of the variables chosen was based on one of 7
themes compiled from a number of studies on social vulnerability (Table 1.1).
These variables were all calculated as percentages of the more vulnerable sub-
groups, so as to all have the same cardinality, based on the answers to the census
questions. For example, one variable was the percent of people who answered
as having "A lot of difficulty" or "Cannot do at all" when asked about their ability
to walk or climb stairs. These people were seen as more vulnerable because in
the case of a drought, carrying water would be very challenging or impossible.
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TABLE 1.2: Variables Analyzed for SoVI Calculated from
2011 Census
Variable Name Description
AGE5SUB Percent of children 5 years of age or younger
AGE65UP Percent of people 65 years of age or older
DISCARE Percent of people who answered as having "A lot of difficulty" or "Cannot
do at all" to the question of ability to provide self care
DISMOBL Percent of people who answered as having "A lot of difficulty" or "Cannot
do at all" to the question of ability walking or climbing stairs
HHLARGE Percent of households with 7 or more occupants
HHTYPEP Percent of households that do not meet the UN’s SDG for housing (Brelsford et al., 2017)
HHTENUR Percent of households that marked their tenure status as "Rented" or
"Owned but not yet paid off"
INCPOVR Percent of people with a monthly income living below the UBPL (R620 per
capita per month in 2011 prices) (Africa, 2014)
LIFESEW Percent of households that do not meet the UN’s SDG for sanitation (Brelsford et al., 2017)
LIFPIPW Percent of households that do not meet the UN’s SDG for water access (Brelsford et al., 2017)
LIFSRCW Percent of households with a main source of water for household use as
something other than "Regional/local water scheme (operated by municipality
or other water services provider" (other options included "Borehole", "Spring",
"Rainwater tank", etc.)
LIFECAR Percent of households without a car
LIFECEL Percent of households without a cell phone
OCCEMPL Percent of workforce who’s employment status was recorded as "Unemployed",
"Discouraged work-seeker", or "Other not economically active"
OCCSECT Percent of workforce working "In the informal sector" or in "Private households"
GENDERF Percent of the population identifying as female
Because the number of variables detailed in Table 1.2 is relatively large, infor-
mation redundancy is to be expected (see, for example, the correlations between
variables in Figure 1.4). To overcome this, following the SoVI approach, the vari-
ables are analyzed using a PCA (Cutter, Boruff, and Shirley, 2003). The number
of components used was determined by an arbitrary cutoff based on the percent
of variance explained; only components explaining 5% or more of the variance
were used (Figure 1.3; Table 1.3). The resulting components are uncorrelated as
the variance of the previous component is removed before the next is calculated.
The Table 1.3 shows the loadings for each PCA component, for each factor.
These values can be squared to determine the percent of variance from the vari-
able described by the component. For example, Component 2 is largely influ-
enced by the percent of people age 65 and older, the percent of people with lower
ability to provide self care, and the percent of people with a disability inhibiting
their mobility. The high correlation between these variables and Component 2
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FIGURE 1.3: PCA with 7 components where the 7th component
drops below the 5% cutoff
FIGURE 1.4: Correlation between SoVI variables from Table 1.2
implies that they are highly correlated with each other. This implication is sup-
ported by the fact that the elderly are more likely to have lower mobility and
capacity for self-care.
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TABLE 1.3: Social Vulnerability Principle Components
Component 1 Component 2 Component 3 Component 4 Component 5 Component 6
AGE5SUB 0.309999 -0.003430 -0.300924 -0.157903 -0.021073 -0.091534
AGE65UP -0.037262 0.432139 0.609060 -0.178071 -0.305686 0.056529
DISCARE 0.139081 0.496901 -0.210651 0.156609 0.370058 -0.073203
DISMOBL 0.100577 0.560923 0.024915 0.145008 0.443551 -0.070982
HHLARGE 0.276666 -0.108943 -0.170671 -0.235829 0.091500 -0.163704
HHTYPEP 0.266885 -0.192329 0.250985 0.053557 0.196551 0.055117
HHTENUR -0.281185 -0.129506 -0.018617 -0.133280 0.279538 -0.198628
INCPOVR 0.345915 -0.013886 -0.234489 -0.058904 -0.108131 0.100601
LIFESEW 0.285681 -0.024507 0.117960 0.099270 -0.141396 -0.012680
LIFPIPW 0.287818 -0.161570 0.305594 -0.031619 0.158923 -0.354049
LIFSRCW 0.257361 -0.194800 0.361568 0.030802 0.171809 -0.421697
LIFECAR 0.324297 -0.089534 -0.138788 0.233603 -0.042511 0.231660
LIFECEL 0.221087 0.016552 0.264025 0.148995 0.049266 0.540613
OCCEMPL 0.340541 0.051218 -0.028568 -0.114686 -0.110370 0.169322
OCCSECT 0.057356 0.152362 -0.099040 0.591429 -0.515106 -0.438323
GENDERF 0.150219 0.295119 -0.091715 -0.605452 -0.281203 -0.168978
% variance
explained 41.255 08.898 08.012 07.323 06.466 05.136
To complete the SoVI calculation, the weighted averages of the principle
component scores for each subplace were calculated. The percent of variance
explained by the component was used as the weight (41.3% for Component 1,
8.9% for Component 2, 8.0% for Component 3, 7.3% for Component 4, 6.5%
for Component 5 and 5.1% for Component 6, Table 1.3). Cutter uses a purely
additive model to calculate SoVI in order to eliminate any assumptions in the
importance of one component over another (Cutter, Boruff, and Shirley, 2003).
However, this assumption treats all components as if they are equally weighted,
when it is known that each of the components account for different amounts of
variance. An equal weighting can allow different components to average each
other out, despite one component explaining more variance than another yield-
ing inaccurate results (Runfola et al., 2017). The use of the weighted average
based on the amount of variance explained by the components can account for
those differences (Clark et al., 1998; Cutter, Boruff, and Shirley, 2003; Runfola
et al., 2017).
3.3 Index Creation
As a final step, the SoVI and the SPI were combined to develop a drought vul-
nerability index using a Pareto Rank Order. This method assigns a rank to each
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observation, or in this case subplace, based on how it compares with all the
other observations. The highest rank, 1, is assigned to observations that are not
dominated by any other observations values. This process is best described by a
scatter plot (Figure 1.5). A non-dominated point exists when no other point has
x and y coordinates greater than its coordinates in both dimensions. In this case,
when a subplace is non-dominated it is considered most vulnerable to drought.
For this to occur, no other subplace can have more vulnerable SPI and SoVI val-
ues (Figure 1.5). Lower SPI values are more vulnerable to drought and higher
SoVI values are more socially vulnerable. The red points shown in Figure 1.5
are non-dominated, meaning they exhibit the highest combination of social and
physical vulnerability. The ranking process is also recursive; after the first set
of points has been identified, they are remove from the set and the next set of
non-dominated points is found. This process can be repeated until there are no
remaining unclassified points; however, for this study subplaces were classified
from ranks 1 through 20 (Figure 1.6).
FIGURE 1.5: Scatter plot of the SoVI vs the 2011 year SPI for each
subplace. Subplaces ranked highest, or most vulnerable, using the
Pareto Rank Order are shown in red.
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FIGURE 1.6: Scatter plot of the SoVI vs the 2011 year SPI for each
subplace. Subplaces ranked in 20 most vulnerable classes using the
Pareto Rank Order are shown in red.
4 Results
The yearly SPI calculated for 2011 shows that the areas around Cape Town had
less rainfall than their 30 year average (Figure 1.7). It also shows that areas
around the center of the country had more precipitation than their historical
yearly average. In this year, none of the areas appear to be dangerously abnor-
mal by differing more than one standard deviation from the yearly average.
The SoVI results show that the areas with the highest vulnerability are in the
southeast region, which is highly rural and has large areas of low income (Figure
1.8). Subplaces in the City of Johannesburg and the City of Tshwane, which con-
tains Pretoria - one of South Africa’s capital cities, have some of the lowest social
vulnerability. However, even within cities, there is a range of vulnerability.
The Pareto Rank Order combines the 2011 yearly SPI with the SoVI based
on 2011 census data to identify areas with a high combination of both vulner-
abilities. This combination indicates that the population within an identified
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FIGURE 1.7: Subplace 2011 SPI values are shown with red being the
most anomalous lack of rain and blue being the most anomalous
excess of rain based on the deviation of the 2011 average rainfall,
by subplace, from the historical average.
FIGURE 1.8: Subplace 2011 SoVI values, calculated from 2011 cen-
sus data, are shown with red being the most socially vulnerable
and blue being the least socially vulnerable based on the weighted
average of the component scores for each subplace.
subplace is particularly vulnerable to drought, either because of a lack of pre-
cipitation or because of a lower ability to cope with a drought. A large number
of subplaces within the top 20 Pareto Ranks of most vulnerable subplaces fall
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within the city of Cape Town, another of South Africa’s capital cities (Figures 1.9
and 1.10).
FIGURE 1.9: The subplaces with the top 20 Pareto Rank Order val-
ues (1.6), with 1 being the most vulnerable to drought through a
combination of physical and social vulnerabilities and shown in
dark red.
FIGURE 1.10: The subplaces in and around the city of Cape Town
with the top 20 Pareto Rank Order values. A rank of 1 is the most
vulnerable to and shown in dark red.
Looking within Cape Town, there is a clear distinction between the north-
ern and southern halves of the city. The northern portion exhibits much lower
drought vulnerability, with many subplaces not ranked in the top 20 from the
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Pareto Ranking. By contrast, the southern portion of the city is almost entirely
comprised of subplaces within the top 20 rankings (Figure 1.10).
5 Discussion and Conclusion
Even 5 years before the drought in Cape Town began, the vulnerability of the
city to drought could be calculated. This analysis is based entirely on 2011 cen-
sus data and precipitation data from 1988 to 2011. The results of the Pareto Rank
Order showed that areas on the western side of South Africa, and particularly
the city Cape Town, had higher drought vulnerability than most of the rest of
the country. These results may indicate that not only were those areas vulnera-
ble to drought in 2011, but they would continue to be vulnerable unless changes
occurred.
Because the entirety of Cape Town experiences similar weather patterns, the
fact that there is such a stark contrast between the northern and southern parts
of the city implies that there is one or more social characteristics increasing the
vulnerability of these areas. It is also worth noting that much of the northern
portion of the city is a national park and that the southern portion of the penin-
sula is a very steep and rocky. Neither has a large population density. The ma-
jority of the Cape Town population is within the central area, where the eastern
side shows subplaces with higher drought vulnerability that the western side
(Figure 1.10).
There are a few of limitation for the methods in this study. Namely, there
is a large amount of uncertainty in the precipitation data predicted using the
cokriging method. Additionally, the SPI calculated in this study was not fit to
a probability density function; rather it was the raw deviation of the 2011 pre-
cipitation from the historic average. However, the calculated SPI was compared
to a much courser SPI calculated globally by the International Research Institute
for Climate and Society at Columbia University, and the relative measurements
appeared to be very similar (Climate and Columbia University, 2018). Because
the values of the calculated SPI were only used as comparisons for the Pareto
Rank Order, it is unlikely that there would have been much if any changes in
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the relative position of the subplace points on the scatter plot in Figure 1.5. De-
spite these limitations, the results of the Pareto rankings indicated vulnerability
in areas that have recently experienced severe repercussions of drought.
This study sought to answer the question: "can the intersection of social and
physical vulnerability to drought be quantified in a meaningful and easily un-
derstandable way?" Using the methods outlined in this study the Western Cape
province and within it the City of Cape Town, were identified as areas with
higher overall vulnerability to drought. The fact that this method identified
Cape Town as an area of high drought vulnerability, coupled with the reality of
a recent drought and drastic responses experienced in the city, support the use
of this method as a valid way to create a drought vulnerability index. Addi-
tionally, because with this index both the physical and social vulnerabilities are
accounted for, it may be useful in city planning and emergency management.
Particularly in the realm of emergency management, this method could be used
as a way to highlight areas that need to be better prepared before an emergency
occurs. With climate change leading to less consistent weather patterns, it is im-
perative to understand that changes may not be anomalous and to take steps
before and at the advent of a disaster, rather than merely responding to the dis-
aster as it occurs.
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Appendix A
CoKriging Steps in ArcMap10
FIGURE A.1: Map of weather stations with precipitation data
through 2018 on the mainland of South Africa
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FIGURE A.2: Select Kriging/CoKriging in Geostatistical Wizard
and Data Fields of Precipitation (SEP in this example) and Eleva-
tion (ELEV in this example).
FIGURE A.3: Select ‘Ordinary’ as CoKriging Type and Prediction
as Output Surface Type
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FIGURE A.4: Semivariogram within a Circular Range (in Model 1)
for Precipitation
FIGURE A.5: Semivariogram within a Circular Range (in Model 1)
for Elevation
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FIGURE A.6: Raster of precipitation across subplaces (red is low
values, blue is high values) over the extent of South Africa for
September 2016
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Appendix B
ModelBuilder
FIGURE B.1: Model used to extract precipitation values and output
as CSVs
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